the Korea Expressway Corporation (2015) , the accidents due to driver's drowsiness were 2,752 cases (20%) out of 13,873 traffic accidents that occurred during the last 5 years; such was quite a high ratio. Most of these accidents were due to driver's drowsiness, occurring from noon to 15:00, and the accumulation of fatigue and languor after a meal (Korea Transportation Safety Authority, 2015) . Because the traffic fatality rate due to driver's drowsiness was more than two times higher than mean traffic accident fatality rate (Korea Road Traffic Authority, 2011) , it is important to prevent driver's drowsiness and, therefore, technology development classifying driver's drowsiness and waking status is needed.
The technology classifying driver's drowsiness and waking status can be classified into driving status-based, behavior status-based, and bio signal-based classification technologies (Kang, 2013; Saini and Saini, 2014) . First, driving status-based classification technology is the technology classifying driver's drowsiness and waking status through driver's lane deviation and steering wheel manipulation (Fairclough and Graham, 1999; Inger et al., 2006) . The technology is non-invasive, but it has a weakness of low accuracy. Second, the behavior status-based classification technology serves to classify driver's drowsiness and waking status through data on drivers' eyelid growing heavy with sleep and their number of head movement (Bergasa et al., 2006; Murphy-Chutorian and Trivedi, 2010) .
The technology is non-invasive and its use is easy; however, it has a weakness of being heavily affected by the surrounding environment. Lastly, the bio signal-based classification technology aims to classify the status of driver's drowsiness through driver's bio signals acquired by Electroencephalogram (EEG), Electrocardiogram (ECG), and Electromyogram (EMG) sensors (Liu and Zhang, 2010; Patel et al., 2011) . Its accuracy is high, but it is invasive. Acquiring bio signals in a limited environment like the inside of a car is difficult, and these can be weaknesses. Bio signal-based classification technology can quantitatively analyze driver's status and has higher reliability, compared to other technologies (Sahayadhas et al., 2012) . Therefore it is widely used in studies on classifying driver's drowsiness.
Existing bio signal-based classification technologies utilized various bio signals to effectively classify driver's drowsiness, but they were insufficient from the aspects of invasiveness and accuracy. For example, Fu et al. (2012) identified brain wave characteristics by attaching EEG sensors on the driver's head, and Miyaji (2014) analyzed heart rate variability (HRV) by attaching ECG sensors on the driver's chest. Existing studies classified driver's drowsiness by utilizing just specific bio signal measures such as brain wave and HRV (Lewicke et al., 2005; Shin et al., 2010; Sukanesh and Vijayprasath, 2013; Werteni et al., 2014) . Therefore there is a need to minimize invasiveness by utilizing photoplethysmogram (PPG) and respiration sensors in order to effectively classify driver's drowsiness and waking status. Meanwhile, measurements on HRV and respiration are known to reflect the autonomic nervous system, indicating the changes in human stress, fatigue, and drowsiness (Vicente et al., 2011) . Consequently, drowsiness and waking status can be more accurately classified by utilizing all these together.
This study aims to analyze the characteristics of HRV and respiratory measurements according to driver's status to effectively classify driver's drowsiness and develop a classification model for driver's drowsiness and waking status. The characteristics of three HRV measurements [low frequency (LF), high frequency (HF), and LF/HF ratio] and two respiratory measurements (peak and rate) according to driver's drowsiness and waking status were analyzed and grasped through a statistical analysis of the data acquired, with a task involving continuously gazing at a monotonous car driving simulation scene carried out to induce drowsiness, after PPG and respiration sensors were attached to the participants in the experiment. The model to classify driver's drowsiness and waking status was developed by selecting optimal HRV and respiratory measurements, significantly affecting driver's drowsiness and waking status, and by applying the binary logistic regression method.
Method

Participants
Five males in their mid-20s to mid-50s and without cardiovascular and respiratory diseases (38.0 ± 10.9 yrs) participated in this 31 Oct, 2016; 35(5 http://jesk.or.kr study. The experiment of this study was carried out under the consent of the participants and the approval of the Institutional Review Board (IRB). For a smooth experiment, the participants with more than 1 year of driving experience were selected, and they were instructed to avoid activities, such as smoking and drinking on the previous day of the experiment, which may affect experiment's results. The experiment duration per participant was about 40 minutes, and the experiment was carried out 10 times for each participant, leading to 50 times of experimentation in total. An experiment participation commission was paid to the participants for motivation to participate in the test.
Apparatus
This study offered car driving simulation monitor to the participants and the participants' status and bio signal information monitor to the observer in real time using two 24-inch monitors (Samsung Electronics). The simulation driving monitor was controlled for monotonous driving in the two-lane expressway without other cars with 100km in speed and thus for driving straight.
The participant's status was recorded in real time through the camera embedded in the monitor, while the collected bio signal data were automatically stored in the computer for analysis later. Meanwhile, the participants' HRV and respiratory signals were measured using the PPG and respiration sensors of Procomp and BioGraph Infiniti (Thought Technology Ltd., USA) software. The PPG sensor serves to measure the blood flow wave form of peripheral blood vessels and has characteristics similar to those of the ECG sensor. Therefore it can indirectly calculate HRV and minimize invasiveness by attaching the sensor to a finger . This study attached the PPG sensor and respiratory sensor to a participant's chest and right hand index finger, as shown in Figure 1 .
Experimental design
As shown in Figure 2 , the experimental space consisted of bio signal measurement area and bio signal judgment area. In this way, the participant's drowsiness and waking status were identified. In the bio signal measurement area, a participant was instructed to sit comfortably on the seat 60cm away from the monitor and to conduct a task to continuously gaze at the car driving simulation scene. Meanwhile, in the bio signal judgment area, the observer observed the participants' status and bio signals as revealed on the monitor and recorded drowsiness and waking status. As for the standard of drowsiness status, a participant was classified to 374 Sungho Kim, et al.
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Journal of the Ergonomics Society of Korea be in the drowsy status if the participant blinks his eye for more than two seconds, three times per minute; this was in reference to the literature of Kim et al. (2014) and Heo et al. (2015) . Concerning the experimental environment, temperature and humidity were controlled to maintain 20 to 25℃ and 40%, respectively, in order to minimize factors irrelevant to the experiment.
Driver's drowsiness and waking status were classified by applying three HRV measurements (LF, HF, and LF/HF ratio) and two respiratory measurements (peak and rate) used for existing studies. LF is low frequency in the 0.04 to 0.15Hz band among the HRV frequency area's spectrum factors, and HF is high frequency in the 0.15 to 0.4Hz band. They reflect the sympathetic nervous system and parasympathetic nervous system activities of the autonomic nervous system, respectively, (Kim and Min, 2015) . LF/HF ratio is the ratio of LF/HF and it indicates the overall balance level of the autonomic nervous system (Moon et al., 2015) . Meanwhile, the peak and rate of respiration mean the maximum value of respiration and time interval between the peaks of respiration, respectively . Respiratory activity is known to be closely related with heartbeat activity (Kim and Min, 2015) .
The experiment in this study was conducted with four steps: experiment preparation, sensor attachment, experiment, and questionnaire survey. In the experiment preparation step, the introduction of the experiment such as its purpose and procedure was made to the participants, whereas consent to participation in the experiment was acquired. In the sensor attachment step, the PPG and respiration sensors were attached to the participants, and 5-minute standby time was offered for bio signal stabilization.
In the experiment step, HRV and respiratory signal data in the drowsiness and waking status were collected for at least 5 minutes, respectively. Lastly, in the questionnaire survey, opinions on unusual things and the result of the experiment were surveyed.
Data analysis
The HRV and respiration signal data were processed through five steps: data extraction, data editing, data standardization, analysis section selection, and integration. In the data extraction step, initial stage data were collected with 256Hz sampling frequency for 10~15 minutes, while noise elimination, time, and frequency area conversion were automatically processed through the BioGraph Infiniti software program. In the data editing step, the data from the beginning to 90 seconds were excluded from the analysis in order to eliminate unstable data in the initial stage of the experiment. In the data standardization step, the data were standardized with the rate value that divided individual data by median data value by referring to the method presented in Tjolleng et al. (2015) 31 Oct, 2016; 35(5):
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http://jesk.or.kr to offset the bio signal data size difference of each participant. In the data analysis section selection step, data were extracted by selecting the section judged to effectively reflect the characteristics of participants' drowsiness and waking status. For example, the data at 30 seconds in the initial stage within the waking section status were extracted for the bio signal data in the waking status.
Data at 30 seconds in the middle stage within the drowsiness section were extracted for the bio signal data in the drowsiness status. Lastly, in the data integration step, the data of 1,500 cases on drowsiness and waking status, respectively, acquired by ten times of repeated experiment among five participants were integrated into one in order to carry out a statistical analysis.
Regarding the bio signal data acquired through data processing, a statistical analysis was performed to identify whether there was a significant difference by driver's drowsiness and waking status. For the test of difference in HRV measurements (LF, HF, and LF/HF ratio) and respiratory measurements (peak and rate) according to driver's drowsiness and waking status, the paired t-test was applied at the significance level of 0.05 since the relevant measurement data followed normal distribution. The SPSS (ver. 21.0) was used for the statistical analysis.
Classification method
This study applied a three-step procedure, namely optimum variable selection, classification model development, and the validation and comparison of a classification model's performance to develop an effective model to classify drowsiness and waking status.
In the optimum variable selection step, a stepwise method (p in , p out =0.05) was applied to the variables with significant differences between drowsiness and waking.
In the classification model development step, the drowsiness and waking experimental data of the five participants were utilized as learning and test set for classification model development. Through the SPSS (ver. 21.0) program, this study developed a model to classify participants' status as drowsiness or waking by applying a binary logistic regression analysis method. The binary logistic regression analysis is an analysis method that can explain more than one independent variable and two categorical dependent variables. It is effectively utilized to analyze on which group the individually observed values can be classified into (Jun, 2012) .
Concerning the rule of binary logistic regression analysis classification in this study, the ith object is classified into drowsiness if P i > 0.5, and the ith object is classified into waking if P i ≤ 0.5.
In the validation and comparison step of the classification model's performance, the developed model's performance was validated using sensitivity and specificity. Also, a comparison was made among a model to which HRV and respiration valuables were applied, a model to which only HRV variable was applied, and a model to which only respiratory variable was applied. The sensitivity and specificity values were calculated by using a 3-fold validation technique to solve an overfitting problem that can occur in a classification model developed by using the waking and drowsiness experimental data totally. The 3-fold cross validation is a technique utilizing 2/3 of the entire data as a learning set and 1/3 of the entire data as a test set by dividing the entire data into three parts. This is the method to utilize the mean value after calculating the classification model's performance for the three types of generated test sets, respectively, as the classification model's performance (Jun, 2012) .
Results
Difference of driver's drowsiness and waking status
As a result of the experiment in this study as shown in Figure 3 , all the values of HRV and respiratory measures by participants' drowsiness and waking status were analyzed to show significant differences at the significance level of 0. 
Development of classification model for driver's drowsiness and waking status
This study developed a model to which a binary logistic regression method was applied as shown in Figure 4 in order to effectively classify drowsiness and waking status. As a result of applying the stepwise method, the LF/HF ratio, respiration peak, respiration rate, and HF were selected as optimum variables for model development. The binary logistic regression model developed by using all the selected optimum variables was revealed to classify drowsiness with 91.4% sensitivity as shown in Table 1 . Such was the result of validating the performance by carrying out the 3-fold cross validation technique. Meanwhile, according to the comparison result of the model to which only HRV was applied (first model), the model to which only respiration variable was applied (second model), and the model to which both HRV and respiration variables were applied (third model), the first model could classify 31 Oct, 2016; 35(5 
Discussion
This study used PPG and respiration sensors to effectively identify the characteristics by HRV and respiration measurements according to driver's drowsiness and waking status. Existing studies mainly used EEG and ECG sensors to measure drivers' physiological responses (Hong et al., 2014; Lee et al., 2010; Rogado et al., 2009) , which may cause participants' repulsion on the sensor-attached location and the restrictions on participants' actions, due to sensor attachment. The PPG and respiration sensors are considered to be more easily embodied for actual use of a car system, compared to other bio signal sensors. For example , Ju et al. (2015) collected drivers' bio signals by embodying the HRV measuring sensor on the steering wheel, while the respiration measuring sensor is on the safety belt. The driver's drowsiness classification method using the PPG and respiration sensors in this study can help to minimize invasiveness in that they can be effectively applied to the indoor environment of a car.
As a result of HRV and respiration signal characteristics analysis, driver's drowsiness status was significantly lower than driver's waking status in LF, HF, LF/HF ratio, and respiration peak by 38%, 22%, 31%, and 7%, respectively, but it was significantly higher by 3% in respiration rate. In a study of Parikh and Patel (2014) , it was reported that LF decreased and HF increased as driver's status proceeded from waking to drowsiness. However, LF and HF all decreased in this study. The reason is that the trend of HRV signal was not partially reflected since the analysis section set up in this study was short by 30 seconds and HF showed a decreasing trend in the case of fast and shallow respiration (Kim and Min, 2015) . As with the study result of Bonjyotsna and Roy (2014) , LF/HF ratio decreased as driver's status proceeded from waking to drowsiness in this study. The reason seems to be HF reflecting the parasympathetic nervous system activities such as drowsiness and lethargy relatively decreasing more than LF reflecting the sympathetic nervous system activities including anxiety and tension. In the meantime, respiration peak decreased, and respiration rate increased as driver's status proceeded from waking to drowsiness, which was identified as the same as the study result of Park et al. (2014) . Indeed, a study conducting an experiment in the actual driving environment targeting many drivers in consideration of gender and age, and comprehensively applying the existing driver's drowsiness and waking status classification technology are needed in addition to this study. This study targeted five males in their mid-20s to mid-50s, all of whom had a driving experience of more than one year and on whom an experiment where the participants continuously gazed at the car driving simulation scene was carried out. To validate the utility of driver's drowsiness and waking status classification using the PPG and respiration sensors, an experiment targeting more drivers needs to be conducted in the actual driving environment. Although research to classify drowsiness and waking status based on bio signals was conducted in this study, comprehensive consideration on the driver's driving and behavior status-based technology are required, in addition to bio signals for accuracy improvement of drowsiness and waking status classification. If driving, behavior status, and bio signal-based technology are comprehensively considered, such a consideration can contribute to the development of a driver's drowsiness prevention system for an intelligent car in the future.
